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Abstract 
Aiming at the shortcomings of Gaussian mixture model background method, a moving object 
detection method mixed with adaptive iterative block and interval frame difference method in the Gaussian 
mixture model is proposed. In this method, the video sequences are divided into different size pieces in 
order to reduce the amount of calculation of the algorithm. It not only effectively solves the problem that the 
traditional Gaussian mixture model algorithm cannot detect large and slow moving object accurately, but 
also solves empty and no connection problems due to the introduction of block thought. The experimental 
results show that the improved algorithm has faster processing speed, better effect and better environment 
adaptability compared with the background of the Gaussian mixture model method. And it can detect 
moving object more accurately and completely. 
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1. Introduction 
Moving object detection in video sequences which means splitting the region of 
variation from the background region in video sequences has become an important topic in the 
field of computer vision research and has been widely used in intelligent video surveillance, 
robot navigation and medical treatment etc [1]. It can provide a good basis for the follow-up 
target classification and identification, tracking and behavior understanding and description [2, 
3]. 
At present, traditional moving target detection methods based on video have optical 
flow method [4], inter-frame difference [5], background difference method [6, 7]. Optical flow 
method analyses and estimates the image sequence stadiums. Due to the complexity of the 
calculation, poor anti-noise performance and time-consuming, usually, it does not apply to real-
time detection of complex background. Inter-frame difference method is to extract the moving 
object region using two or more adjacent frame difference method. Because inter-frame spacing 
is short, so for the slow moving target, it is easily possible to have a larger range of cavitations 
in the middle of sports areas. The background difference method is often used in moving target 
detection algorithm. Its main idea is to create a background model corresponding to the image 
sequences, then to calculate the difference corresponding to the input image, and finally to get 
moving target area by a certain closed value. At present, there are many kinds of conventional 
background model initialization methods. Gauss mixture model was firstly proposed in the paper 
[8]. In the process of initialization, the model does not need human intervention. It has a good 
ability to adapt to background changes, and its background calculation error accumulation is 
small. This model still has some drawbacks: a model for each pixel has to be established, large 
amount of computation, lack of real-time performance; especially in the complex environments 
that have tree branches bobbing up and down and fluctuations in water, its processing effect of 
noise is not good, so this kind of the model is comparatively poor in adaptability to environment; 
in addition, the detection effect is worse for large and slow moving target, it only can detect a 
small part of the moving target. A moving objects detection method which combined Gaussian 
mixture model with three frames difference method is proposed in the literature [9]. By using the 
area method to analyze the results, the proposed method can improve sensitivity of detection 
for the large and slow moving target, but the influence of noise factors such as illumination 
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mutation still exists. In the paper [10], an improved adaptive Gaussian mixture model which 
introduces discontinuous frame difference method into Gaussian mixture model is proposed. It 
improves the sensitivity of the algorithm and eliminates the phenomenon of shadow, but it also 
increases the complexity of the algorithm and calculation. However, according to the paper [11], 
the blocking idea is introduced into Gaussian mixture modeling in order to reduce the calculation 
of the algorithm. But it also reduces the sensitivity of the algorithm which makes the effect of 
detection is poor for the large and slow moving target.  
Given above phenomenon, a moving object detection method mixed with adaptive 
iterative block and interval frame difference method in the Gaussian mixture model is proposed. 
In this method, the video sequences are divided into different size pieces in order to reduce the 
amount of calculation of the algorithm. It not only effectively solves the problem that the 
traditional Gaussian mixture model algorithm cannot detect large and slow moving object 
accurately, but also solves empty and no connection problems due to the introduction of block 
thought. 
 
 
2. Background Difference Method 
Background difference method is one of the most common detection methods in moving 
target detection algorithm. This method makes use of the current frame image and the 
background frame image to obtain difference image. And it separates the moving target and 
background through the threshold judgment, then extracts the moving foreground. The 
background difference method equation can be expressed as follows [12]. 
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Where ),( yxDk  is the background frame image, kf  is the current frame image, kR  is 
the binary image, and T is the threshold. If TyxDk ),( , ),( yxRk  is represented as the 
background area with 0, otherwise is represented as the moving area with 1. The main 
advantage of this method is that the algorithm is simple and real-time, and it can accurately 
extract the complete information of the target. The core of this method is how to establish a 
suitable background model. The appropriate background model is that the model can adapt to 
the environment changes and other factors. So background model initialization and background 
updating are very important. 
 
 
3. Gaussian Mixture Model 
 
3.1. Model Definition 
The adaptive Gaussian mixture model proposed by Stauffer et al is a statistical model 
with parameter estimation. Each pixel in the image sequence is established by K independent 
Gaussian distribution, which describes the characteristics of the pixels [8]. 
Hypothesis, a pixel value in the image sequence is    tiiyxIXXX t  1|),,(...,，， 0021 , then the random probability distribution of pixel tX  can be 
represented by the K Gauss equation. 
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Where k is the number of Gaussian distribution in the Gaussian mixture model, peak 
distribution of pixels in the image determines the value K (generally between 3 to 5). tiw ,  is the 
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weight of the ith Gaussian distribution at time t in image sequence, it follows two equations that 
are 10 ,  tiw  and 
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Where ti,  is mean value of kth Gaussian component at time t,  ti,  is co-variance 
matrix. Three components of RGB can be considered independent of each other during if a 
color image is modeled, then n=3 and Iti ti  2,,  . And n=1 and Iti ti  2,,   if a gray image is 
modeled. 
 
3.2. Model Matching and Parameter Update 
The establishment of mixed Gaussian model needs that the background model should 
be updated constantly because the background is generally not static in order to establish a 
real-time and real scene. The updating of the background model is the renewal of the two 
parameters of the Gaussian function and the weight of the Gaussian distribution. The pixel 
value tX  of the current frame is matched with the distribution of K Gauss according to the 
following equation. 
 
1,1, ||   titit DX         (5) 
 
Where 1, ti is the mean value of the ith Gaussian distribution at time t-1, 1, ti  is the 
standard deviation, and D is a confidence parameter (generally it is 2.5). If tX  satisfies the 
above equation, then tX  matches the Gaussian distribution, or vice versa. 
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Where is learning rate, ),,,( ,  tiX tit  . For other mismatches Gaussian 
distributions, the mean value and variance aren’t changed, but weights should be changed with 
the following equation. 
 
1,, )1(  titi ww          (9) 
 
If tX  does not match any of the K Gaussian distributions, we need to establish a new 
Gaussian model, and at the same time remove one of the Gaussian distributions which is most 
unlikely the background model. The weight of the updated Gauss distribution should be 
displaced by the minimum weight. And the variance of the updated Gauss distribution is 
replaced by a larger value while the mean value of the updated Gaussian distribution is 
replaced by the current pixel value. 
 
3.3. Model Selection 
After all parameters of the Mixed Gaussian Model are updated, it needs to normalize 
the weight with the following equation. 
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For each pixel, all Gaussian models are sorted according to the ratio of weight and 
standard deviation (
ti
tiw
,
,
 ) in descending order. The ratio of this pixel is bigger, the weight is 
greater, the contrast is smaller, and the frequency of occurrence is higher. It indicates that the 
pixel is likely to be background, and the former B distributions are selected as background 
model of Gaussian distribution [13]. 
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Where T1 is the threshold of weight, generally take 0.5 <T1 <1. The selection of T1 is 
very important. If T1 is too small, Gaussian mixture model may become the single Gaussian 
model. If T1 is too large, it may add moving targets to the background model, and unable to 
detect moving targets. When this equation is satisfied, it can use B Gaussian models to 
describe the pixel of the background model, and then the remaining Gaussian models are 
considered to be the models of moving targets. 
 
 
4. Improved Gaussian Mixture Model Method 
 
4.1. Adaptive Iterative Block 
The proportion of moving targets in video frames is relatively small, and adjacent pixels 
change a little or they have the same or similar pixel values in the background while the 
background image tends to be a certain degree of stability. The mixed Gaussian model is a 
model for each pixel in the video sequence, and it needs to update the mean value, standard 
deviation and weight at the same time. A large amount of redundant computation will be 
produced during the background modeling, and it will increase the computational algorithm for 
the background region. The paper[11] proposed an algorithm of block thought, the video frame 
is divided into equal-sized blocks whose pixel value are replaced with the average value of 
pixels. Then each block’s Gaussian mixture model will be established. Through this method, the 
block size is fixed, and the size of the block will affect the result of detection. If the block is too 
large, it is possible to miss the information of moving targets because the edges of moving 
targets and the background are the same one, so that the effect of detection becomes worse. If 
the block is too small, it cannot reduce the amount of calculation algorithm. 
An adaptive iterative block method is proposed in this paper. This method is adaptive to 
block video frames on the basis of distinguishing the foreground and background area. Suppose 
that we select the M M size block from the video frame at the t moment, then 
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Where ),,( tyxI  is the pixel value at time t, tx  is the average value of all pixels in the 
block. If the area of image boundary may not appear enough pixels, it can be filled with 0. It will 
reduce the amount of computation by replacing the original pixel value. We replace tX  to tx  in 
the equation (3) (4) (7) (8), and others remain unchanged. 
When the previous frame pixel belongs to the background area, select 33 pixel block 
(the position of current pixel is in the middle of this block). Then we calculate the average value 
of pixel block to match the Gaussian distributions. If the match is successful, the relative 
Gaussian distributions are updated, otherwise the 22 pixel block (the current pixel is located in 
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the upper left corner) is selected to be processed. If it is still unsuccessful, the match is carried 
out in accordance with the current pixel [9]. 
Algorithm processing steps are as follows: 
Step 1, judge whether the previous pixel belongs to the background region, otherwise 
go to step5. 
Step 2, select a 33 pixel block with the pixel in the middle of the block to calculate its 
average value 3tx , and retain the average value 
2
tx  of 2 x 2 pixel block. 
Step 3, match 3tx  with its Gaussian distributions. If the match is successful, the 
parameters of Gaussian distributions are updated, then go to the next pending pixel, otherwise 
go to step4. 
Step 4, match 2tx  with its Gaussian distributions. If the match is successful, the 
parameters of Gaussian distributions are updated, then go to the next pending pixel, otherwise 
go to step5. 
Step 5, use the current pixel for processing, and then go to the next pending pixel. 
 
4.2. Integrate Interval Frame Difference Method 
In the detection of video moving target, the inter-frame difference method calculates the 
difference between two frames of the adjacent frames to obtain the range of motion caused by 
the moving object. The interval frame difference method is used to replace the common frame 
difference method, and the time interval between two frames is increased [13]. In a certain 
extent, the shortcomings of the common frame difference method can be overcome, and the 
noise of the region is eliminated effectively. Because the inter-frame difference method only 
retains the relative information, for the slow-moving objects, it is hard to detect the overlapping 
portions of the two frames, and it is also prone to the empty phenomenon. In order to solve this 
problem, this paper does an operation of 4 neighborhoods of the pixel block based on the 
interval frame difference method [14, 15]. 
Select two frame images in the video sequence. ),( yxft  is current frame image,
),(2 yxft   is the two previous frame image. It can detect the change of the region between two 
frames by the interval frame difference method. The equation is shown as follows. 
 
|),(),(|),( 2 yxfyxfyxD ttt        (12) 
 
The operation of the 4 neighborhood of the pixel block in the change region of two 
frames is carried out. The table is shown as follows. 
 
 
Table 1. Four neighborhood of ),( yxf  
0 )1,( jixt  0 
),1( jixt   ),( jixt  ),1( jixt   
0 )1,( jixt  0 
 
 
The sum of four neighborhood of ),( yxf  is calculated according to the following 
equation.  
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t
t     (13) 
 
The detected change region Ad of current frame can be divided into the coverage 
region Ac of moving object at the time t and coverage region (background exposure region) Ac 
at the time t-2, then the region not changed is the background region Ab. The change region 
and background region are classified as following equation. 
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Where ),( jixt is the pixel block of video frame at the time t, T2 is the threshold of 
detection and T3 is the threshold of four neighborhoods of difference image. In the case of noise 
and interference are uniform distributions, the SNR (signal to noise ratio)of the video frame is 
large, or the value of ),( yxDt  is large, then the value of T2 is also large, on the contrary the 
value of T2 is small. If 2),( TyxDt  , the pixel block can be judged as the background region, 
otherwise it can be judged as the change region between two frames. 
After the above-mentioned distinction, what needs to be done is matching the pixel 
block in the region of Ad with former B Gaussian distributions which are sorted in descending 
order according to priority. 
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Where 0<i<B, 1, ti is the mean of the ith Gaussian distribution block at time t-1, 
1, ti is the variance. If it satisfies the matching condition, it belongs to the background 
exposure region Ac, otherwise it belongs to the coverage region As.  
The improved interval frame difference method is integrated into Gaussian mixture 
model. The complete region of the moving target is extracted by using 4 neighborhood of the 
pixel block of the traditional frame difference method. It effectively solved the problem of the 
traditional Gaussian mixture model that cannot complete and accurate detection of large and 
slow moving targets. In the early stage of the establishment of the Gaussian mixture model, it 
can greatly reduce the amount of computation in the process by introducing block thought. 
However, the phenomenon of void, non connection etc is solved by improved interval frame 
difference method. 
 
4.3. Selection of Background Update Rate 
In the traditional Gaussian mixture model, background model updating refers to update 
the whole background including the moving regions with the fixed update rate [12]. This model 
is difficult to adapt to targets which have a changing moving speed and it’s easy to cause the 
phenomenon of “Shadow”. In this paper, different regions use different update rate. So for the 
region of variation (Ad) extracted using interval frame difference method, background exposure 
area (Ac) and the area (As) covered by a moving object in the current frame are dealt with 
different background update rate. Background exposure area (Ac), due to the large and slow 
object remains the “Shadow” phenomenon, needs to be dealt with higher update rate in order to 
make the region a rapid recovery once the object leaves. And the area (As) needs to be dealt 
with smaller update rate in order to avoid noise and maintain the stability of the region. 
 
 
5. Experimental Results and Analysis 
In order to verify the effectiveness of the algorithm proposed in this paper, we select 
three different scene videos using the size of 320 x 240. The maximum number of Gaussian 
distribution is 3, and the background learning rate is 0.005. Experimental conditions: Studio2010 
Visual development platform and OpenCV2.4.8. Operating environment: CPU Intel for i54570 
3.2GHZ, memory is 4GB, the operating system is Windows7.  
Video one is a complex scene with swinging branches, as shown in Figure 1. (a) is the 
224th frame of the original video. (b), (c) are the results of the traditional mixed Gauss algorithm 
and the detection results of this paper. By comparison, it can be seen that the dynamic 
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interference detection is the moving target in the background of the traditional mixed Gauss 
algorithm in the complex scene. The results of the detection have a large number of background 
pixels, and can not detect the moving target completely. The processing effect is poor. The 
algorithm proposed in this paper can not only detect the moving target completely, but also can 
eliminate the dynamic disturbance in the complex scene. 
 
 
 
(a) Current frame 
 
(b) Gaussian mixture model 
algorithm 
 
(c) Proposed algorithm 
 
Figure 1. A complex scene with the swing of the tree branches 
 
 
Video two is the scene with a person walking, as shown in Figure 2. (a) is the 436th 
frame of the original video.  (b), (c) are the results of the traditional mixed Gauss algorithm and 
the detection results of algorithm in this paper. By comparison, there is a phenomenon of void 
and discontinuity in the detection of the moving target in (b). The detection result of algorithm in 
this paper is better and the moving target detected is coherent. 
 
 
 
(a) Current frame 
 
(b) Gaussian mixture model 
algorithm 
 
(c) Proposed algorithm 
 
Figure 2. The scene of a person walking 
 
 
Video three is a scene of video with a person walking slowly and water wave, as shown 
in Figure 3. (a) is the frame of the original video. (b), (c) are respectively the results of the 
traditional mixed Gauss algorithm and the detection results of algorithm proposed in this paper. 
By comparison it can be seen that the moving target of the traditional mixed Gauss algorithm 
can produce the shadow phenomenon in the slow motion environment. In this paper, the 
algorithm can avoid the phenomenon of "shadow" by a series of improvements, and also 
eliminates the interference of the water wave background and clearly shows the moving target. 
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(a) Current frame 
 
(b) Gaussian mixture model 
algorithm 
 
(c) Proposed algorithm 
 
Figure 3. A person slow walking with a wave of the scene 
 
 
In the experiment, the frame length of video sequence is 600 frames, and in the same 
experimental environment the codes are programmed with VS2010. After the operation of the 
system, the average time of 2 methods of video processing is shown in the following table. It 
can be seen that the algorithm proposed in this paper is more time-consuming than the 
traditional mixed Gauss algorithm, and its speed is almost 2 times that of the traditional mixed 
Gauss algorithm. 
 
 
Table 2. Comparison of the processing time  
Video name Gaussian mixture model ms 
Proposed  
ms 
Video 1 52.2 21.9
Video 2 57.3 24.1
Video 3 50.6 20.2
 
 
6. Conclusions 
Based on the mixed Gaussian model, an improved algorithm that the adaptive iterative 
block theory and interval frame difference method are fused is presented. From the results of 
the experiment, it can be seen that calculation of the algorithm which adopts iterative block 
theory is greatly reduced compared with the traditional mixed Gauss background modeling 
algorithm and its calculation speed is faster. For the “Shadow” phenomenon of the traditional 
hybrid Gauss and noise interference under the complex background, the application of the 
method combined with improved interval frame difference method obviously reduces the 
existence of “Shadow” phenomenon and eliminates noise interference. At the same time, this 
application also solves the phenomenon of void and discontinuity in the moving target caused 
by using iterative block theory. 
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